In precision farming fields may be divided into management zones according to the spatial variation in soil properties. Clay content is an important soil characteristic, because it is associated with other soil properties that are important in management. Soil survey data from 150 sampling sites taken from an area of 218 ha were used to predict the spatial variation of clay percentage geostatistically in an agricultural soil in Jokioinen, Finland. The exponential and spherical models with a nugget component were fitted to the experimental variogram. This indicated that the medium-range pattern could be modelled, but the short-range variation could not, due to sparsity of sample points at short distances. The effect of sampling density on the kriging error was evaluated using the random simulation method. Kriging with a spherical model produced a map with smooth variation in clay percentage. The standard error of kriging estimates decreased only slightly when the density of samples was increased. The predictions were divided into three classes based on the clay percentage. Areas with clay content below 30%, between 30% and 60% and over 60% belong to non-clay, clay and heavy clay zones, respectively. With additional information from the soil samples on the contents of nutrients and organic matter these areas can serve as agricultural management zones.
Introduction
In precision farming fertilizers are applied to meet the needs of the crop and, on the other hand, to avoid excessive applications with the associated environmental implications. To fertilize different parts of a field according to the specific needs of the crop, the field can be divided into management zones based on previous yields and the data obtained from soil testing. The zones can be delineated in advance and the locations of the zones stored in the computer of advanced machinery for fertilizer application, which then adapts the rates of application according to the location in the field. When sufficient numerical data on soil characteristics are available, management zones can be delineated using the methods of geostatistics and mapping.
Geostatistical analysis has become a widely used for predicting and mapping the spatial variation of soil properties provided that there is a large number of soil samples. According to Webster and Oliver (1992) at least 100 data are required to estimate the variogram acceptably. Geostatistics has been applied in agriculture,
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especially in soil science. Recently, geostatistical analyses have been used to model the spatial variability of topsoil (Brooker 2001) , investigate spatial variation of radon concentration in the soil (Oliver and Khayarat 2001) and predict spatially bulk density and field capacity of Ferralsols (Utset et al. 2000) . Bocchi et al. (2000) used factorial kriging to characterize the spatial variation of soil physical, hydrological and chemical properties in a field in northern Italy, and Saldana et al. (1998) examined the variation of soil properties at different scales.
So far, geostatistics has not been widely adopted as an agricultural tool in Finland. Haapala (1995) used experimental variograms to analyse yield variation over short distances and found periodic variograms with wavelengths of 2 m to 2.5 m. Usually, the information on soil characteristics of a field is based on few widely spaced samples. In practical farming one or a few soil samples per field are used as the basis for management of the entire field as a homogeneous unit. However, soil properties, such as the clay content, may vary from under 10% to over 60% within a distance of 100 m (Jokinen 1983) . If the spatial variation of soil properties can be modelled and predicted using geostatistics, management zones could be delineated according to soil characteristics instead of using the entire field as a management unit.
In the present study, soil survey data were used to predict the spatial variation in particle size fractions of agricultural soil, in an attempt to delineate management zones. The objectives of this study were to: i) determine how soil survey data can be used in the spatial prediction of clay content, ii) analyse the effect of sampling density on the errors of the kriged predictions, and iii) delineate management zones for agricultural fields using geostatistical analysis and mapping.
Material and methods

Study area
The study area is located on the research farm of MTT Agrifood Research Finland in Jokioinen, southwestern Finland (23°27'E, 60°48'N). The survey area consisted of 37 fields with a total area of 218 ha. The material for this study comprised of 180 plots of soil survey data collected in 1996 with an average sampling density of 0.8 samples per hectare (Fig. 1) . The Loimijoki River divides the survey area into the southern and northern parts.
The soil samples were bulked from 5 subsamples taken within a 100 m 2 plot. The soil texture of the 150 plots was analysed using a pipette method (Elonen 1970) , in which hydrogen peroxide is used to decompose the aggregates and sodium pyrophosphate as the dispersing agent. The agricultural soil in Jokioinen is typically dominated by clay.
In Finland, the fine-earth fraction (< 2 mm) of soil is traditionally divided into 4 parts (Table 1), which are referred to here as clay, silt, fine sand and sand (Aaltonen et al. 1949) . The particle sizes and their approximate equivalents in the USDA system (Soil Survey Staff 1993) are given in Table 1 . 
Geostatistical methods
The data were analysed using geostatistical methods to describe and interpret the spatial variation of soil texture fractions. Since the variogram is sensitive to departures from normality an exploratory data analysis using graphical plots, descriptive statistics and analysis of the distribution was done before modelling the spatial dependence. Furthermore, possible anisotropy was explored by computing the variograms in three directions, i.e. 0°, 60° and 120°, and plotting the semivariances in the same graph. The exponential (Eq. 1) and spherical (Eq. 2) models with a nugget were fitted to determine the best fitting function based on the residual sum of squares. Variograms were computed and nonlinear models fitted using VARIOGRAM-and NLIN-procedures of SAS for Windows release 8.2 (SAS 1999) . The equation for the exponential model is
where c 0 is the nugget, c is sill variance and r is a distance parameter that defines the spatial extent of the model (Webster and Oliver 2001) . This function approaches its sill asymptotically and so does not have a finite range. For practical purposes an effective range, a = 3r, is assigned to this model, which is usually the distance at which γ equals 95% of the sill variance (Webster and Oliver 2001) . The spherical model has the function Kriging is only one technique among many for interpolating a variable from sample points, 
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but its advantage is that the estimates for a point or block are obtained with minimum variance (kriging variance) (Lark 2000) . Therefore, the estimated values of the parameters of equations (1) and (2) were used to predict values at the nodes of a 20-m grid by ordinary punctual kriging, using the SAS software and the KRIGE2D procedure (SAS 1999). Cross validation was used to compare the goodness of the models in terms of predictions. Maps of the kriged predictions and standard errors were produced, using ArcMap GIS software from ESRI (Minami et al. 1999 ).
Sampling density
The kriging variances depend on the configuration of the sampling points in relation to the target point or block and on the variogram, they do not depend on the observed values at those points. Therefore, if the variogram is known the kriging errors can be determined for any sampling configuration (Webster and Oliver 2001) . Thus, the effect of sampling density was evaluated using the estimated variogram parameters of the spherical model (Eq. 2). Sample density was increased by adding new points to the map until the required sample size was achieved. Randomly selected new points were accepted if the minimum distance between any two points was at least 50 m. When the sampling density was 3.0 points per hectare, the minimum distance between any two points was 40 m. The randomization method was selected because it simulates quite well the choosing of points in practice. Randomization was repeated 3 times for each density.
Results
Exploratory data analysis
The particle size distribution of the soil samples from the survey area are dominated by the clay fraction, i.e. the average clay content was 52% ( Table 2 ). The proportions of silt, fine sand and sand were 23%, 17% and 8%, respectively. The statistical distributions of clay and silt contents were near normal, but the fine sand and sand fractions were positively skewed. The latter reflects a few very sandy soils among the sample. After the transformation of fine sand and sand by the arcsine square-root, these values were normally distributed. No trend was observed based on graphical exploration of the clay data.
Variograms and variogram models
The lag distance used in the variogram was 80 m, i.e. this was the shortest distance that could be used without decreasing the number of the observations and the reliability of the variogram. The spatial variation in the data is isotropic, because no clear differences could be found in the variograms computed in different directions. The parameters of the fitted, authorised variogram models are given in Table 3 . Both models have a clear nugget effect, which was expected because of the coarse sampling intensity used in the soil survey. The nugget variance encompasses spatially dependent variation over distances less than the shortest lag, measurement error and any purely random variation (Oliver and Khayrat 2001) . Both models are bounded and appear quite similar (Fig. 2) ; however, there is a difference in the goodness of fit of the first three lags. This is important, because kriging is local and near points carry more weight than more distant points. The lack-of-fit statistic (MS error 43.96) confirms the visual appraisal that the exponential model was poorer. The spherical model had the smaller error (MS error 33.72) and it was chosen for predicting the clay fraction and for determining the optimal sample density. The range of spatial dependence was 660 m for the spherical model (Table 3 ). The effective range, i.e. 95% of the sill variance attained, for the exponential model was 891.3 m.
Predictions and standard errors
Cross validation showed that the spherical model was better than the exponential model in terms of mean error (0.05 vs. 0.09), mean squared error (102.7 vs. 104.9) and mean squared deviation ratio (1.09 vs. 1.11). Graphical plots of the cross validated residuals, true values and locations did not reveal any shortcomings, e.g. areas, where the models were not compatible with the data. The kriged estimates of the clay percentage using the parameters of the spherical and exponential variogram models show the same pattern of variation in clay content for the study area (Fig. 3 ). The spherical model produced slightly smoother variation than the exponential function. The latter produced a map with a little more detail, i.e. some variation at shorter distances, because the estimated nugget effect was smaller than for the spherical model. The results suggest that the medium-range pattern had been resolved by the sampling, but the short-range variation has not. According to the Finnish classification, the predicted values were divided into 3 classes based on the clay percentage. Areas with clay content below 30%, between 30% and 60% and over 60% belong to non-clay, clay and heavy clay zones, respectively. Most of the fields of the survey area (Fig. 3) contain 2 or even 3 of the classes defined above, i.e. the soil of a field can vary from non-clay to heavy clay types. This classified surface can be used to delineate the preliminary management zones, for example by digitising or vectorising the boundaries between the classes.
In general, the kriging errors were consistently between 8% and 10%, and the median of error was 9.3% and 9.0% for the spherical and exponential models, respectively (Fig. 4) . The largest errors were in the northwestern and eastern edges of the survey area where they exceeded 12%, but generally they were smaller than 10% in over 95% of the study area. Only 5% of all errors were smaller than 9.0% and 8.4%, according to the spherical and exponential model, respectively (Table 4) . Hence, the patterns in the spherical and exponential model error maps were very similar, but the errors in the exponential model were slightly smaller (Fig. 4) . Again, the main reason for this is the nugget effect, which is smaller in the exponential model than in spherical model. However, from the practical point of view the difference between error levels is so small that it is of no major consequence.
Effect of sampling density
The standard error of the kriged estimates decreased only slightly when the density of the sampling was increased (Table 4) . However, the range in errors became smaller and the effect was strongest at the edges of the map and where there were no samples originally. In general, the exponential model has smaller errors because the estimated nugget effect was smaller than that for the spherical model. The mean standard error was 9.3 for the spherical model (Table 4 ). The difference between models increased when the density of the samples increased, the final the mean standard error was 8.7 and 8.0 for the spherical and exponential models, respectively.
Discussion
This study shows how management zones can be delineated based on geostatistical analysis. In mineral soils the clay content may be the single most important soil characteristic determining those soil properties important in management. The clay content is inversely related to the content of coarser textural fractions and to a large extent determines the soil type in fine-and medium-textured mineral soils that dominate the fields studied. The clay content influences many physical properties such as water-holding capac- The textural variation seen in several experimental areas suggests that sub-division of fields into management zones is reasonable. The large variation in clay content and several other soil characteristics within a field in the study by Jokinen (1983) resulted in large standard deviations of the mean values. Therefore to determine the mean value accurately, a large sample size would be required, but even then, because of the spatial variation, the mean for the entire field would be unrepresentative. Identification of zones on the basis of clay content might enable targeted sampling within each zone for chemical analyses, which might reduce the sample sizes and the cost of analyses substantially.
Interpolation is appropriate only if the characteristic studied varies continuously and the sample data are spatially dependent or correlated (Oliver and Khayrat 2001) . The variogram for clay showed that with 150 samples and an average separation between samples of 145 m the spatial variation of the clay fraction could be modelled satisfactorily. This supports the finding of Webster and Oliver (1992) that at least 100 samples are required to model the variogram.
The nugget effect present, i.e. 55% of the sill variance, showed that there was unresolved variation at distances less than the sampling interval. The short-range variation in clay percentage could be identified with a more intensive sampling, for example Saldana et al. (1998) used a 10-m sampling interval. In the present study the nugget variance was so large that increasing the sampling interval from 145 m to 33 m by random simulation method did not decrease greatly the standard error of the predicted clay content. This conclusion is based on assumption that the estimated variogram is adequate for all densities. Because of lack of the observations at small distances, the estimated nugget variance is probably too large. Therefore, the effect of increasing the sampling density was underestimated. However, it is noteworthy that at the edges of the research area the standard error decreased more with increased sampling density than in the central areas. In large field areas, more accurate estimates for clay content could be obtained if farms bordering each other could cooperate by combining the data for the geostatistical delineation of management zones.
The kriging variance can be used to estimate the reliability of the predictions, bearing in mind that it depends on how accurately the variation is presented by the chosen spatial model (Webster and Oliver 2001). There were differences between the nugget variances of the examined models, but there is no evidence of which estimate was the best. If the nugget variance is overestimated then the punctual kriging variances will also be overestimated, in which case the kriged estimates would be more reliable than they appear to be (Webster and Oliver 2001 ). Thus, it is possible that the kriging errors were overestimated by the spherical model in the present study.
Fertilizer recommendations in Finland depend on: 1) the crop, 2) expected yield (nutrient uptake), 3) soil texture and humus content, and 4) the nutrient content of the soil. Soil nutrients (except N) are analysed accurately in the laboratory. These chemical data are interpreted according to soil texture, which is currently determined by finger assessment in routine soil testing. It was recently shown (Peltovuori 1999 ) that estimates of soil texture and humus content, obtained from various Finnish laboratories, contained errors that occasionally resulted in deviations of ± 10 kg ha -1 from the correct recommendations for phosphorus fertilisation. Finetuning of K and also N fertilizer applications are equally dependent on soil texture. Incorrect estimates of soil texture and humus content can undermine the accurate results of chemical analyses on soil nutrients. This shortcoming also prevents precision farming from being practiced to the full extent of its capabilities.
Reliable data on soil texture and humus content are required by precision farming to delineate management zones and for accurate fertilizer application. Obtaining these data is expensive because it seems that finger assessment should be replaced with more accurate laboratory de-Vol. 11 (2002): 381-390. termination. This aim can be achieved only by less expensive methods for these determinations, particularly for texture. However, texture is a permanent soil characteristic and needs to be determined only once, and organic matter content changes slowly. Investment in these analyses could be counterbalanced by reducing the number of samples taken in each management zone for analysis in repeated routine soil tests. Responding to soil variation at any scale requires suitable systems for processing the data and generating from it information to assist in making decisions (Lark and Bolam1997) . Geostatistical methods with GIS provide tools for identifying the management zones of large field areas.
